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(54) TiUe: STATISTICAL DECONVOLUTING OF MIXTURES 
(57) Abstract 



Statistical classification of activities 
of molecules is a computer implemented 
methodology of QSAR employing visualization 
of molecular features and statistical techniques 
for conclating features of molecules with their 
observed biological properties. Each molecule is 
described by noting the presence (1) or absence 
(0) of a feature of interest. The identification 
of specific features coded by Ts or 0*s is 
accomplished by recursive partitioning. The 
data sets are planned or unplanned. The method 
is also applicable to classification of individuals 
in biological populations on the basis of their 
genetic makeup. 
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STATISTICAL DECONVOLUTING OF MIXTURES 
BACKGROUND OF THE INVENTION 

5 

A portion of the disclosure of this patent document contains material which is 
subject to copyright protection. The copyright owner has no objection to the 
facsimile reproduction by anyone of the patent document or the patent 
disclosure, as it appears in the Patent and Trademark Office patent file or 
1 0 records, but otherwise reserves all copyright rights whatsoever. 

This invention relates generally to computer assisted methods of analyzing 
chemical or biological activity and specifically to computer assisted methods of 
determining chemical structure-activity relationships, and detemiining which 
15 species in a mixture fi-om a chemical or biological population can be predicted 
to have a given biological activity or biological phenotype. This method is 
particularly usefiil in the fields of chemistry and genetics. 

Combinatorial chemistry and high-throughput screening (HTS) are having a 
20 major impact on the way pharmaceutical companies identify new therapeutic 
lead chemical compounds. Voluminous quantities of data are now being 
produced routinely fi-om the synthesis and testing of thousands of compounds 
in a high-throughput biochemical assay. The construction of chemical libraries 
has, in effect, replaced the painstaking individual synthesis of compounds for 
25 biological testing with a strategy for the multiple synthesis of many 

compounds about a common structural core scaffold. Since there is such a 
low probability of identifying new lead compounds fi-om screening 
programs, it is expected that the sheer number of compounds made via a 
combinatorial approach will provide many more opportunities to find novel 
30 leads. However, making and testing thousands of compounds instead of fifty to 
one hundred per chemist per year has placed a tremendous strain on the 
logistical and computational infrastructure usually relied upon to store and 
analyze these datasets. Methods, developed in the last decade, for the statistical 
analysis of a relatively small number of compounds (less than 100) are not 
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suitable for use on much larger data sets. Consequently, new technologies must 
be investigated. 

Various methods for the storage and retrieval of chemical structure/biological 
5 activity data have been devised. Software products are now available from 
major vendors that address most of the logistical needs of combinatorial 
chemistry. Little thought, however, has been given to how the data might best 
be used to guide future synthetic efforts once the biological activity of 
chemical compounds has been learned. One possible result from the synthesis 
10 and testing of large numbers of compounds isaishort list of promising new 
lead compounds for fiirther consideration. Many research programs stop here 
and immediately revert to traditional synthesis in order to optimize the new 
leads. On the other hand, others are seeking to continue along a combinatorial 
path have employed an evolutionary approach to make best use of all the data. 

15 

Genetic algorithms have also been used to select new chemical libraries to be 
made. However, due to the complex and specialized nature of the software used 
to identify 3D pharmacophores, it is unlikely that these methods will be able 
to routinely handle the volume of data and/or possible multiple binding modes 
20 or sites. 

For a number of years, there has been an interest in using artificial intelligence 
methods to deconvolute, uncover hidden rules from, or otherwise classify 
chemical datasets. Most have focused on reaction prediction. Others have used 
25 neural networks, fuzzy adaptive least squares and the like to analyze structure- 
activity datasets or predict chemical properties. Most of these methods are 
generally much too complex for routine structure-activity-relationship (SAR) 
analysis of large heterogenous data sets. 

30 Recursive partitioning (RP) is a simple, yet powerful, statistical method that 
seeks to uncover relationships in large data sets. These relationships may 
involve thresholds, interactions and nonlinearities. Any or all of these factors 
impede an analysis that is based on assumptions of linearity such as multiple 
linear regression (or basic QSAR), principal component regression (PGR), or 
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partial least squares (PLS). Various implementations of RP exist but none have 
been adapted to the specific problem of generating SAR, The present invention 
features a new computer program, Statistical Classification of Molecules using 
recursive partitioning ( SCAM), to analyze large numbers of binary descriptors 
5 (which are concerned only with the presence or absence of a particular feature) 
and to interactively partition a data set into active classes. 

SUMMARY OF THE IlsfVENTION 

10 In brief sununary, the invention is a computer-based method of encoding 
features of mixtures, whether the features be of individual data objects in a 
mixture or features of mixtures themselves, and of identifying and correlating 
those individual features to a response characteristic that is a trait of interest of 
the individual data object or of the mixture. The method is applicable to data 

1 5 objects in those types of data sets that are characterized in being a mixture of 
data object classes, each data object class containing one or more of the data 
objects, and wherein multiple data objects present a same trait of interest, but 
classes of data objects produce the response characteristic that is a trait of 
interest through different underlying mechanisms. The method comprises the 

20 steps of: assembling a set of descriptors and converting said set of descriptors 
into the form of a bit string such that each descriptor reflects the presence or 
absence of a potentially useful feature in a data object of interest; examining 
each data object for presence or absence of each of said descriptors; assembling 
the results of looking for descriptors into a vector for each data object, noting 

25 the presence or absence of each feature in said data object; assembling all 
vectors thus generated into a matrix; dividing the data in said matrix into two 
daughter sets on the basis of presence or absence of a given descriptor fix)m 
said set of descriptors; and iteratively repeating this step until each member of 
said mixture has been classified into a group. The method is applicable to three 

30 broad situations. Firstly, those situations in which data objects are unique, but 
the data set is a mixture in the sense that the data objects act in different ways, 
e.g. a population of human patients having different biological genotypes that 
nonetheless lead to a phenotypically identical clinical disease diagnosis. 
Secondly, those situations in which the data objects are themselves mixtures. 
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e.g. a mixture of A: chemical compounds tested together in a high throughput 
screen, or a mixture of different structural modes of a compound, and those 
data objects that show a given activity of interest do so in the same fashion or 
through the same underlying mechanism of action. And thirdly, those situations 
5 in which the data objects are mixtures and the active elements in the mixtures 
produce the same activity, but are acting through different mechanisms, for 
example, where k chemical compounds are screened together for activity and 
two of the compounds bind to a biological receptor, but bind to it in different 
places or in different conformations. Each of these three types of situations can 

10 be addressed whether they are planned or inadvertent mixtures. A planned 
mixture occurs where the fact of being a mixture is capable of manual control 
as is the case with carrying out a combinatorial synthesis, or where a high 
throughput screening is carried out with, for example, 20 compounds test 
together. An inadvertent mixture is said to be present whenever it is inherent in 

1 5 the situation, for example where there are multiple structural conformations of a 
chemical compound, or where a data set contains compounds producing the 
same chemical result but acting by different mechanisms, or where a data set 
contains compounds producing the same biochemical result, but binding to 
different receptor sites or places, or where the data set is a human population 

20 having the same clinical disease, but the individuals have different genetic 
types coding for different underlying pathologies. 

BRIEF DESCRIPTION OF FIGURES 

25 Figure 1 is a schematic illustration of the process to identify important features 
of individual compounds in a mixture. 

Figure 2 is a schematic illustration of the process to identify important features 
of a mixture and identify active components. 

30 

Figure 3 is a schematic illustration of the process to identify active 
component(s) of a mixture and the features associated with biological activity 
of chemical stmctures. 
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Figure 4 is an illustration of a matrix having multiple vectors representing 
compounds. 

5 Figure S is an illustration of an analysis tree (also known as a Pachinko tree) 
generated using recursive partitioning as part of the invention in order to 
classify structural features of a group of chemical compounds. 

Figure 6 is an illustration of an analysis tree generated using recursive 
1 0 partitioning as part of the invention in order to classify genetic features of a 
population. 

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS AND 
BEST MODE OF THE INVENTION 

15 

The method of the present invention overcomes previous shortcomings in the 
chemical and biological arts. In a first preferred embodiment, Structure-activity 
relationships (SAR's) can be developed from large bodies of data generated as 
a result of high throughput screening (HTS), or combinatorial or other 
20 automated chemical syntheses. Such chemical syntheses outputs data sets 

composed of large numbers of structurally heterogeneous chemical compounds. 

First, a set of descriptors is generated. Descriptors, as that term is used in the 
present invention, are any type of descriptive notation that, in the context of 

25 chemistry, are chemically interpretable, have enough detail that they can 

capture useful chemical structural features, and are capable of being described 
in terms of being present or absent in a given chemical compound, which in 
turn confers the ability to describe them computationally as a bit string. A 
partial, non-limiting list of descriptors can include: atom pairs, which set forth a 

30 spatial-qualitative relationship between any two atoms in a molecule; atom 
triples, which set forth a spatial-qualitative relationship between any three 
atoms in a molecule; descriptions of molecular fragments; descriptions of 
molecular topological torsions; any binary of continuous variables; or any 
combination of any of theses types of descriptors. In the context of biology, a 
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descriptor can be, most preferably, a genetic marker, such that an individual 
subject in a population of interest either does or doesn't have the marker or a 
particular allele of a gene. 

5 For any of the above-listed descriptors, or any non-listed descriptors that 
otherwise fit the above stated criteria, it can readily be seen that for any single 
chemical compound under consideration, it can be stated that the compound 
either has or doesn't have the descriptor. This presence or absence of such a 
descriptor for a compound can be represented computationally as a bit string, 

10 by a series of 1 's or O's, each representing presence or absence, respectively, of 
a given descriptor for the compound under consideration. Multiple descriptors 
of a given type are generated, and each chemical compound is compared 
against each descriptor for the presence or absence of each descriptor in the 
specified set of descriptors that can occur in a data set. This comparison process 

1 5 yields a bit string of 1 's and O's, as the case may be, that constitute a vector. 
The vector's sequence of 1 's and O's will be an identifier of the compound 
under consideration, defining it in terms of the set of descriptors that occur in 
the data set. 

20 Two types of descriptors can be exemplified. Atom pairs and atom triples are 
descriptors generated firom the topological (2D) representation of a molecular 
structure. They are very simple descriptors composed of atoms separated by 
the minimal topological distance (i.e., the number of bonds) between them, or 
equivalently, the number of atoms in the shortest path connecting the atoms. 

25 Each local atomic environment is characterized by three values: the atomic 
number, the number of non-hydrogen connections and one-half of all 
associated n-electrons. For example, the carbonyl carbon in acetone is encoded 
as [C, 3, 1] whilst a terminal methyl carbon would be [C, 1,0]. The code for 
the carbonyl oxygen is [O, 1, 1]. Thus, for each structure, (n (n-l))/2 atom pairs 

30 (where n is the number of non-hydrogen atoms in a structure) are generated by 
considering each atom and the minimal topological distance to every other 
atom in turn. A bit-string indicating the presence or absence of a particular 
atom pair was then produced. In general, approximately ten thousand unique 
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types of atom pairs are generated for a typical data set of about one thousand 
structures. 

The second type of structural descriptor, atom triangles, or atom triples, have 
5 been used by several groups for molecular similarity searching and as search 
keys for 3D search and docking studies. Triangles of atoms with corresponding 
interatomic distance information are thought to be the most elemental portions 
of a pharmacophore. Our atom triangles differ from those previously defined. 
As an indication of interatomic distance, we consider only the length of the 

1 0 shortest path between each pair of atoms forming the triangle. For example, the 
triangle formed amongst the carbonyl oxygen and the two terminal methyls of 
acetone is [0,1,1] (2); [C, 1, 0] (2); and [C, 1, 0] (2). All possible triangles are 
generated and each is properly canonicalized to a unique form and then 
transformed into a bit string as with atom pairs. Often, depending upon the 

1 5 diversity and size of the data set, it is possible to generate hundreds of 

thousands to millions of unique atom triples. For a 90,000 compound data set 
there are on the order of over 2 million possible atom triples. 

A bit string is built computationally as long as the number of distinct features, 
20 e.g., atom triples, in an initially specified data set. The bit string is initially 
populated with O's. Any given 0 is changed to a 1 if a compound being 
examined has at least one atom triple of the type assigned for that position in 
the bit string. As multiple compounds are thus examined, a matrix of the type 
shown in Figure 4 is created, consisting of 1 's and O's. Such a matrix can grow 
25 to extremely large size, with over 2,000,000 descriptors not being uncommon. 
However, since most of the positions will be O's, denoting the absence of a 
descriptor for that compound, this means the matrix is sparse. A sparse matrix 
is computationally handled in the present invention by only keeping track of 
where the 1 's are, and imputing the positions of the O's, thus compressing the 
30 bit string and saving an enormous amount of computer memory. The bit string 
is subsequently decompressed when necessary. 

In the meantime, an empirically obtained database of the potency (for some 
chemical or pharmacological reaction of interest) of each of the compounds or 
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mixtures being examined has been assembled. Taking the data consisting of 
the assembled 1 *s and O's in the matrix and the known potency for each 
compound, the task is to divide the data into two groups, with data objects with 
1 *s assigned to one group and data objects with 0*s assigned to the other, thus 
5 effectively splitting the data into less active and more active compounds. 

The best column to use to divide the data set must be found. This optimal 
column is found through the use of the tool known as recursive partitioning 
(RP). RP analysis generates a diagram as exemplified in Figure 5. In the 

10 diagram in Figure 5, the node at the top of the tree is designated as Node 0. It 
represents a population or set of 1650 compounds, some of which are active, 
but many of which are inactive, whose potency was previously determined 
(active compounds are assigned a score of 1, 2 or 3, while inactive compounds 
are assigned a score of 0), and as a group is now said to have an average 

1 5 potency of 0,34. In general, the number of screened compounds needed to build 
a analysis tree of this type is at least 100 or more, with 200 or more being 
preferred and 1,000 or more being most preferred. Immediately under Node 0 is 
a description of an atom triple, C(l,2)-8-; C(2,l)-6-; and C(l,0)-5-. The RP 
algorithm examines the difference in potency between groups where each triple 

20 (or any other descriptor) is present or absent. The RP algorithm has identified 
this triple as being the best atom triple to partition off active compounds from 
inactive compounds in the group of 1650, since this triple results in the largest 
possible difference in average potency between all possible presence/absence 
pairs, the difference with the smallest p-value using a statistical test. The 

25 algorithm has here split off 37 compounds having this triple, and 37 is the 
number that appears in the next lower node to the right of Node 0 (all 
compounds not having this triple are split off to the left). These 37 compounds 
have an average potency of 2.8, out of a maximum possible of 3. Thus, the 
algorithm has already identified an atom triple that is a chemical structure 

30 feature tending to confer a high degree of chemical reactivity on this class of 
compounds, and a structure-activity relationship begins to emerge. The RP 
algorithm next identifies the atom triple C(l,2)-4sN(3,0)-2-;C(2,0)-3- as being 
the next best atom triple to partition off active compounds from inactive 
compounds in the remaining group of 37. This round of partitioning results in 
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two compounds lacking the triple being split off to the left, and the remaining 
35 compound being split off to the right. The two compounds split off to the 
left have no activity, while the other 35 compounds have an average activity of 
2.94 out of a possible 3, as stated in the lowermost right side node, call a 
5 temiirial node). Now a structure-activity relationship is seen in which the 

presence of the two defined triples reflects a high degree of average potency in 
the compound subgroup. A typical molecular structure bearing these two atom 
triples is given, and it can be said with relative confidence that molecules 
having this general structural core will be active in the screen of interest here 
10 (atoms marked with circles are those that belong to the defining atom triples for 
that node). 

However, it can be seen that two other good terminal nodes showed up in this 
analysis, resulting in three chemical structureclasses being generated in Figure 

15 5, When the first round of partitioning took place, the algorithm took the 

remainder of 1613 compounds and identified an atom triple tending to confer 
activity within that group, C(3,0)-2sN(l,2)-2-;N(l,2)-3-, and partitioned that 
subgroup accordingly into two subgroups having average potencies of 2.3 and 
0.23, reflecting the presence or absence of that atom triple. The partitioning 

20 process continues until terminal nodes were reached, yielding three structure- 
activity relationships. These three structural cores can be seen to have 
somewhat different chemistries. Thus, the original activity of the group of 1650 
may be the result of different biochemical/chemical mechanisms. RP can deal 
with such mixtures of compounds that follow different mechanistic paths. 

25 

Having developed such a tree, it is then possible to predict the activities of 
compounds that have not yet been empirically tested for activity. A given 
compound is analyzed for presence or absence of triples, or whatever the 
descriptor is that has been chosen, and then cascaded down the tree with the 
30 help of a software tool that is part of the present invention, which is designated 
as Pachinko. Having examined the compound for the presence or absence of 
those descriptors now known to confer activity, the activity of the compound is 
electronically predicted, eliminating the need for high throughput screening of 
large numbers of compounds which will not have a desired threshold of 
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activity. Those compounds having the greatest predicted activity are selectively 
tested, at great cost and time savings. 

It is important to understand that not only discrete compounds or individuals 
5 can be assigned to passed through nodes in the analysis tree, but mixtures 
themselves as well. Thus, a situation in which 1,000 pools each containing 10 
different compounds, isomers, conformers, etc., can be analyzed, in which each 
pool is now defined and analyzed in terms of descriptors present in the pools. 
Broadly speaking, discrete compounds or individuals are data objects ( an 
1 0 object that itself is not a mixture), but such pools are themselves also each a 
data object, which we refer to as a mixture object for greater clarity (i.e. an 
object that is itself a mixture). Whether an object is a data object or a mixture 
object, the object is analyzed in the same fashion using bit string assembly and 
recursive partitioning. 

15 

Situations commonly arise in which multiple binding modes exist by which 
several given compounds may be showing the same biological potency, but are 
doing so by binding to different available binding sites on a receptor molecule, 
a common situation in pharmacology. A related problem is that of a cell that 

20 presents more than one receptor site such that structurally differing molecules 
can elicit the same biological response from the cell. These problems are 
increased by orders of magnitude when combinatorial testing is carried out. The 
problem here is in figuring out what different structural features out of such a 
mix can confer activity and applying that knowledge to the design or screening 

25 of new compounds. The present invention can resolve such mixture problems 
by assembling a set of descriptors that can define a population of compounds 
and then proceeding with the rest of the analysis as described to arrive at 
structure-activity relationship rules out of the mixture. 

30 Yet another problem that can be addressed by the present invention is that in 
which pairs of compounds may acting synergistically to elicit a chemical or 
pharmacological response, and where a plurality of pairs is present in a pool to 
be analyzed. The method of the present invention can be used to find such pairs 
in a pool and quantify their relative activity as synergistic pairs. As set forth 
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above, not only discrete compounds can be analyzed as data objects but also 
mixtures as mixture objects. Thus, where no individual compounds (objects) 
decode into a node, but one or more pairs of compounds (mixture objects) 
decode into the same node that shows a high average potency, then this result 
5 implies the discovery of a synergistic pair of compounds, with members of the 
the pair having the characteristics of the descriptors leading to that node. 
Synergistic triples, etc., of compounds can be found in like manner. 

In genetics, it is common for a population to have individuals in it that are 

10 different genotypes. It is now known that a great many diseases are controlled 
by not one, but multiple genes in an individual. These two factors present a 
huge problem in unraveling how to rationally target a drug therapy at a 
population of patients who may have the same clinical diagnosis, but whose 
pathology is being controlled by multiple possibly different genes within each 

15 patient. Until now, there has been no known satisfactory method for the 
identification of multiple interacting genes from large genomic data sets. 
However, the present invention addresses this by using alleles or combinations 
of alleles and/or gene markers as descriptors. Thus, as shown in Figure 6, a 
patient population of 1293 individuals had an average disease incidence of 

20 0.61 . The RP algorithm selects the gene marker aaxxx, present with two 

copies, to do a partition. This results in a subgroup of 86 individuals being split 
off to the right, 83% of whom had disease, while a subgroup of 1,207 not 
having that genetic marker is split off to the left, and having a disease incidence 
of 59%. The analysis is continued until terminal nodes are reached that lead to 

25 the prediction that the highest incidence of disease will occur in those 

individuals having two copies of the aaxxx gene but who do not have the gene 
dbbfyy, which thus appears to be linked to a protector gene that tends to confer 
protection from disease on an individual, since those that had the putative 
protector gene only had a 30% incidence of disease. Using these results, after 

30 obtaining a genetic analysis of an individual's DNA, their chances of becoming 
a disease victim can be predicted, and their therapy can be tailored accordingly 
if the drug being used is one which acts upon a protein expression product of 
one or more of the genes markers used as descriptors or a near by gene. 
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Since the economics of high throughput screening favor screening mixtures of 
compounds j the questions then arise of how to analyze such pooled data, and 
how to pool them. In another preferred embodiment of the invention, RP can be 
5 used to analyze such pooled data. . 

Discrete products of a combinatorial synthesis can be encoded arid decoded by 
use of the present invention, since each vector as described above is an 
identifier of the features of a compound. A given compound from a 

10 combinatorial synthesis (especially a virtual synthesis, see US Patent No. 5, 
463,564) is electronically dropped down an analysis tree and if it lands in a 
given terminal node showing high activity, it is now known to have both a high 
probability of activity by virtue of all descriptors assigned to each node through 
which it passed successfully. This eliminates screening and identification of the 

15 great majority of compounds in a virtual combinatorial library, as it is well 

known that the great majority of combinatorial discrete are chemical *junk' that 
will not have any appreciable biological activity, but still have to be winnowed 
out of a combinatorial pool, currently at great wasted expense. 

20 SCAM was the software tool developed as part of the present invention to 
perform recursive partitioning by swiftly computing binary splits on a large 
number of descriptor variables. There are several aspects of implementation to 
consider. Huge sparse matrices, tens of thousands of structures and millions of 
descriptors have to be handled, efficient binary splits on up to a million or more 

25 variables have to be routinely performed, and a useful bridge for the chemist 
between the statistical analysis and the actual structures have to be devised. 

Three files are produced prior to a SCAM analysis: (1) a data file containing 
the compound names and potencies; (2) a descriptor dictionary file containing a 
30 contextual decoding of each descriptor variable; and (3) a binary file containing 
a record for each structure that lists all computed descriptors. To conserve 
memory, a sparse storage format is employed that correlates each descriptor 
with a list of the structures in which the descriptor is found is stored. This is 
very similar to the concept of indirect keys used in substructure search. An 
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10 



15 



20 



alternative is to store a list of descriptors that are found in each structure. 
However, the former is more efficient, since the t-test is performed on the 
activities of the structures associated with a particular descriptor. 

In contrast to data partitioning via continuous descriptor variables, binary 
classification trees can be computed very quickly and efficiently since there are 
far fewer and much simpler computations involved. For example, FIRM 
develops rules for splitting based on "binning" of continuous variables and 
amalgamating contiguous groups of variables. These processes add 
considerably to execution time and effectively limit the interactive nature of 
most general RP packages for large data sets. However, with binary data a 
parent node can only be split into two and only two daughter nodes. Splitting 
on a binary descriptor such as the presence or absence of an atom pair involves 
performing a t-test between the mean of the group that has the atom pair and 
the group that does not. The t-values for each rule as a potential split can then 
be compared using the largest t-statistic. The atom pair with the largest t- 
statistic is the splitting variable. Therefore, the p-value (a time-consuming part 
of the calculation) needs only to be computed for the most significant split. 
Adding to the speed is the fact that, frequently, either the group that has the 
atom pair or the group that does not have the atom pair is usually quite small. 
This fact can be exploited using an idea known as "updating" which can be 
applied to a well known expression for computing the sample variance. 
If one denotes the potencies in group 1 by x],x2,.,.,Xm and group 2 by 
yLy2»'">yn and assuming that group 1 is smaller than group 2 {m<n\ the t- 
statistic for testing for a difference between group potency means is: 




30 



Next, let 2;,z2...,zmH-/i, denote the potencies in the parent node. The sum, iSZ, 
was computed for the previous split so it is available. Therefore, after 
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computing SX, 57 can be computed as the difference SY=SZ-SX. This 
technique is known as "updating'*. 

A similar updating method can be used to compute SSXand SSY. Note that: 

1-1 

5 so SSY can be computed using the sum of the data, SYy and the sum of the 

squared data which will be denoted by SYY. Having computed SXX, and having 
SZZ available, SYY can be computed by the relation SYY=-SZZ-SXX. Therefore, 
the t-statistic can be computed very quickly, having stored the sum of the data 
and the sum of the squared data from the previous split. 

10 

The partitioning is repeated until a stop criterija is met. Firstly, the process can 
stop if there is no statistical test (t-test is preferred) that achieves a specified 
level of statistical significance. Secondly, the process can stop if the mixtures in 
a node are homogeneous with respect to their measured property. Thirdly, the 
15 process can stop if the size of each terminal node is below a user specified 
value. 

Example Analysis- 
Use of RP to uncover substructural rules that govern the biological activity of a 
20 set of 1 ,650 monoamine oxidase inhibitors (MAOFs). 

A series of 1,650 MAOFs was used to illustrate the effectiveness of SCAM in 
analyzing large structure-activity datasets and producing SAR rules. Neuronal 
monoamine oxidase [amineroxygen oxidoreductase(deaminating) E.C. 1.4.3.4] 

25 inactivates neurotransmitters such as norepinephrine by converting the amino 
group to an aldehyde. Inhibitors of this enzyme are thought to be useful in the 
treatment of depression and were introduced into therapy in 1957 with the drug 
pargyline. However, due to toxicity concerns and interactions with other drugs 
and food, they are now only occasionally used. Yet, there is continued interest 

30 by pharmaceutical researchers of MAO as a target for rational drug design in 
anti-depressant therapy. Biological activities were reported in four classes of 
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MAOrs: 0 being inactive; 1, somewhat active; 2, modestly active and 3, being 
most active. Generating any type of QSAR from this dataset would previously 
have been considered by those of skill in the art to be relatively quite difficult, 
but use of the present invention in statistically determining SAR rules is now 
5 possible and relatively easy. 

Recursive partitioning was applied to this set of 1,650 activities and unique 
atom pairs and the resulting tree diagram is shown in Figure 1 . Default settings 
were used to produce this tree: up to 10 levels of partitioning are allowed, each 
split is statistically significant (Bonferroni adjusted p-value < 0.01), and both 
1 0 positive and negative splits were allowed. The Bonferroni p-value is computed 
by multiplying the raw p-value by the number of variables examined at the 
node. Eleven significant splits were found although a high percentage, 79.5% 
(70/88), of the most active molecules are found in only 3 terminal nodes 
(shaded in gray). 

1 5 To facilitate the understanding of the splits of the data obtained from recursive 
partitioning, it was necessary to have a molecular viewer which could not only 
display molecules, but highlight the portions of the molecules described in the 
rules. SCAM is not locked into displaying only one type of descriptor, but 
rather passes the descriptor variables path to a node to an external program 

20 which highlights the appropriate atoms or bonds and then passes the structure 
along to a viewer. To SCAM, descriptors are just strings, and it is up to 
external programs to interpret the results and display them. The external 
programs can be specified by simply specifying external environment 
variables. 

25 SCAM has an option that allows the user to enter a MDL SD-file containing the 
structures for the compounds. Rather than reading them directly into memory, 
as the files can be quite huge, a list of seek indices is computed once on the SD- 
file. Then, whenever the user requests to see the compounds at a node, it is a 
simple matter of performing seeks to the appropriate offsets in the SD file to 

30 obtain the compounds of interest. 



When examining the RP classification tree, it is often of great interest to see the 
distribution of potencies at a node and to see how a split at a node divides up 
the potencies at the two daughter nodes. A non-parametric density plot is 
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available to display the potency distribution at the node, with the potency 
distribution of the two daughter nodes overlaid in different colors The density 
plot is performed by weighting each point by a Gaussian kernel function with a 
configurable bandwidth. If the assay variability is known, then the assay 
5 standard deviation can be used for the bandwidth. 

AT tree 

Once the analysis has been completed, a file describing the rules that create an 
RP tree can be written to disk, and a utility program, Pachinko, can be invoked 

10 on a new dataset to find where the compounds in that dataset would fall in the 
classification tree. Thus, a set of compounds can be screened, analyzed with 
SCAM producing a classification tree, and then a whole corporate chemical 
compound collection, or even virtual chemical compound libraries can be 
dropped down the tree to suggest additional compounds for biological 

1 5 screening. With Pachinko it is also possible to divide data into training and 
validation datasets to test the predictive powers of the tree. 

With a large number of descriptor variables, it is often the case that there is 
more than one descriptor that would give rise to the same split at a node. These 

20 variables are considered to be perfectly correlated. When the variable 
associated with the most significant split has other perfectly correlated 
variables, all such descriptors at the node are stored so that these rules can later 
be used for as input to the Pachinko program. In the dataset used to create the 
tree, all correlated variables will be found within the structures at a right node, 

25 though, in theory, only one would be necessary in order for some novel 

structure to be placed there. Within the Pachinko program, there is an option to 
either force all correlated variables to match for a rule to be satisfied, or else to 
have any one matching descriptor for the right path in a tree to be taken. 

30 There is now set forth a pseudocode example for carrying out the SCAM 
function. SCAM is implemented in C code using the XVT Development 
Solution for C, a tool for building Graphical User Interfaces in C. SCAM is 
menu-driven. 



wo 98/47087 



-17- 



PCTAJS98/07899 



1. File Menu 

File commands are used to import the data files associated with SCAM, enter 
documentation, and send print ou^ut to a file. 

5 

1.1 Import 

read the .dat file and store compound names and potencies in arrays; 
read the .des file and store descriptor codes and names in arrays; 
read the .bit file and create a matrix which has a row for each descriptor and, 
1 0 in each row, an array of indices (into the compounds array) of all 

compounds that have that descriptor; 

1 .2 Read Structures 

calculate a set of seek indices into an SD file so that molecular structure information 
1 5 can be accessed quickly; 

1 .3 Edit Information Box 

allow the user to input information about the data set being analyzed; 

20 1.4 Print Tree 

write the current tree to a postscript file for later printing; 

1.5 Quit 
quit SCAM; 

25 

2 Menu Tree 

Most of the options in the tree menu operate on the currently active node, which the 
user indicates by positioning cursor over a node and clicking the left mouse button. 

30 2.1 Split Node 

split the active node into two children nodes using the descriptor which provides the 
most statistically significant split; 
bonferroni: = number of descriptors; 
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tbest : = 0; /*holds the t-statistic for the best split*/ 

for every descriptor in the data set do 

{ 

5 split the compounds in the active node into two groups 

according to whether or not they have the descriptor; 



15 



20 



if the descriptor appears in no or all compounds then 
bonferroni : = bonferroni - 1; 



10 else 

{ 



calculate the t-statistic for this split: 



where: 

X = mean potency of compounds in left or right child 

a = standard deviation of compound potencies of node being split 

T] = number of compounds in left or right child 

if /*largest t-statistic indicates the most significant split * 

tbest : = / 



} 

25 } 

compute the pva/we from ibest and multiply this by the bonferonni adjustment to get a 
value indicating the significance of the split; 

2.2 Delete Subtree 

30 delete the subtree rooted at the currently active node; 

2.3 Split Subtree Recursively 

while (tree depth from active node < maximum-depth AND 
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further splits can be found) do 

split a terminal node of the tree rooted at the currently active node 

2.4 View Structures 

5 filter an SD file containing the compounds in the active node through an external progra 
which highlights the atoms in the compounds that correspond to the descriptor variables 
(including correlated ones) that got the compound to that node; 

send the filtered SD file to a viewer program (Project View); 

10 

2.5 Structures Clipboard 

copy the structures at the active node to the clipboard in the form of an SD file; 

2.6 Save Structures 

15 write all structures (with atom highlighting-see Section 2.4) within the active node to an 
file; 

2.7 List Node 

write a list of the compounds and potencies within the active node to an external file; 

20 

2.8 Node Potency Histogram 

draw a non-parametric density plot of the potencies of the active node; 

2.9 Write Pachinko Subtree Rules 

25 write the rules that generated the tree rooted at the active node to an external file; 

2.10 Create .dat File for Node 

create a .dat file for the compounds in the active node; 

30 2.11 Options 

review and/or alter the options (split method, minimum split size, split significance, 
maximum tree depth, potency thresholds for highlighting) that determine how nodes are 
split and how the tree is displayed; 
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Copyright 1997 by Glaxo Wellcome, Inc., all rights reserved, except as stated above. 

There is now set forth a pseudocode example for carrying out the function of 
5 prediction of activity of a molecule by Pachinko if rules from SCAM/Recursive 
Partitioning have been previously stored. 

For each rule used to split data; 
input Node Tree Position; 

10 

input Node Average; 
input Node Number Rules; 
1 5 input Node Rule Set: 

For each object to be predicted 

Current Tree Position: = "N"; 

20 

Object Activity: = Node Average at Current Tree Position; 
Input Object Name; 
25 Input Object Rule Set; 

While Node Number Rules at Current Tree Position is greater than 0 
for every rule rj , in Node Rule Set at Current Tree Position 

if rj is not an element of ObjectRule Set at Current Tree Position 
Current Tree Position := Current Tree Position + "0"; 
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next Rule Set; 
Current Tree Position :=CuiTentTree Position = " 1 

5 

Object Activity:= Node Average at Current Tree Position; 
print Object Name, Object Activity; 
1 0 Copyright 1997, 1998 by Glaxo Wellcome, Inc., all rights reserved except as stated above 
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What is claimed is: 

1 . A computer-based method of encoding features of data objects, and of 
identifying and correlating individual said features to a response characteristic 
5 that is a trait of interest of the data object, applicable to data objects in a data set 
that is characterized in being a mixture of data object classes, each data object 
class containing one or more of said data objects, and wherein multiple data 
objects present a same or similar value of the trait of interest, but classes of data 
objects produce the response characteristic that is a trait of interest through 
1 0 different underlying mechanisms, 

comprising the steps of: 

(a) assembling a set of descriptors and converting said set of descriptors into 
1 5 the form of a bit string such that each descriptor reflects the presence or 

absence of any given potentially useful feature of interest in a data object of 
interest; 

(b) examining each data object for presence or absence of each of said 
20 descriptors; 

(c) assembling the results of step (b) into a vector for each data object, 
noting the presence or absence of each feature of interest in said data object; 

25 (d) assembling all vectors generated in step (c) into a matrix with each row 
of the matrix corresponding to a data object and each column corresponding to 
a feature of interest; 

(e) dividing the data in said matrix into two daughter sets on the basis of 
30 presence or absence of a given feature of interest from said set of descriptors; 
and 
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(f) repeating step (e) until each member of said matrix has been identified in 
terms of presence or absence of any given feature of interest from said set of 
descriptors and each of said members has been assigned to a terminal node. 

5 2. A computer-based apparatus system for allowing a user thereof to 
encode features of data objects, and to identify and correlate individual said 
features to a response characteristic that is a trait of interest of the data object, 
applicable to data objects in a data set that is characterized in being a mixture of 
data object classes, each data object class containing one or more of said data 
1 0 objects, and wherein multiple data objects present a same or similar trait of 
interest, but classes of data objects produce the response characteristic that is a 
trait of interest through different underlying mechanisms, comprising: 

(a) input means responsive to operator commands enabling an operator to 
1 5 specify a set of descriptors that are subsequently converted into a bit-string, 

such that each descriptor reflects the presence or absence of a potentially useful 
feature of interest in a data object of interest; 

(b) storage means for storing the assembled set of (a); 

20 

(c) memory means for executing programmed steps that examine each data 
object for presence or absence of each of said descriptors; 

(d) means for assembling the results of (c) into a virtual matrix with each 
25 row of the matrix corresponding to an object and each column corresponding to 

a feature of interest; 

(e) means for assigning each data object in said matrix recursively into one 
of two defined categories on the basis of presence or absence of a given feature 

30 of interest from said set of descriptors and repeating such analysis until each 
member of said mixture has been identified in terms of presence or absence of 
features of interest from said set of descriptors and assigned to a terminal node; 
and 
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(f) output means for visually displaying, using computer graphics, a 
relationship of said descriptors with said data objects and classes. 

5 

3. A computer software system having a set of instructions for controlling a 
general purpose digital computer in performing a desired function comprising: 

a set of instructions formed into each of a plurality of modules, each module 
1 0 comprising: 

(a) an input process responsive to operator commands enabling an operator 
to specify a set of descriptors and convert said descriptors into a bit string such 
that each descriptor reflects the presence or absence of a potentially useful 

1 5 feature of interest of a data object of interest, wherein each data object is a 
member of a data set that is characterized in being a mixture of data object 
classes, each data object class containing one or more of said data objects, and 
wherein multiple data objects present a same or similar trait of interest, but 
classes of data objects produce the response characteristic that is a trait of 

20 interest through different underlying mechanisms; 

(b) a data storage process for storing the assembled set of (a); 

(c) a computational process for executing programmed steps that examine 
25 each member of said mixture for presence or absence of each of said 

descriptors; 

(d) a computational process for assembling the results of (c) into a vector for 
each data object and a matrix for all vectors; 

30 

(e) a computational process for assigning each data object in said matrix 
into one of two defined categories on the basis of presence or absence of a 
given feature of interest from said set of descriptors and repeating such analysis 
until each member of said mixture has been identified in terms of presence or 
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absence of each feature of interest from said set of descriptors and assigned to a 
terminal node; 

(f) a data storage process; and 

5 

(g) an output process for visually displaying, using computer graphics, a 
relationship of said descriptors with said data objects and classes. 

4. A computer-based method of encoding mixture features of planned 
1 0 mixtures or of inadvertent mixtures, or of a combination of planned or 

inadvertent mixtures, and of identifying and correlating individual said features 
to a response characteristic of the mixture object, wherein said mixture object is 
in a data set wherein multiple mixture objects comprising the data set present 
the same trait of interest through a common underlying mechanism; 

comprising the steps of: 

(a) assembling a set of descriptors and converting said set of descriptors into 
the form of a bit string such that each descriptor reflects the presence or 
absence of a potentially useful feature of interest in a mixture object; 

(b) examining each mixture object for presence or absence of each of said 
descriptors; 

(c) assembling the results of step (b) into a vector for each mixture object, 
noting the presence or absence of each feature of interest in said mixture object; 

(d) assembling all vectors generated in step (c) into a matrix with each row 
corresponding to a mixture object and each column corresponding to a feature 
of interest; 



15 



20 



25 



30 



(e) dividing the mixture objects in said matrix into two defined daughter 
nodes on the basis of presence or absence of a given feature of interest from 
said set of descriptors; and 
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(f) repeating step (e) until each mixture object of said matrix has been 
identified in terms of presence or absence of given features of interest from said 
set of descriptors and assigned to a terminal node. 

5 

5. A computer-based apparatus system for allowing a user thereof to 
encode features of planned mixtures or of inadvertent mixtures, or of a 
combination of planned or inadvertent mixtures, and to identify and correlate 
individual said features to a response characteristic of the mixture object, 
10 wherein said mixture object is in a data set wherein multiple mixture objects 
comprising the data set present the same trait of interest through a common 
underlying mechanism, comprising: 

(a) input means responsive to operator commands enabling an operator to 
1 5 specify a set of descriptors that are subsequently converted into a bit string, 

such that each descriptor reflects the presence or absence of a potentially useful 
feature of interest in a mixture object of interest; 

(b) storage means for storing the assembled set of (a); 

20 

(c) memory means for executing programmed steps that examine each 
mixture object for presence or absence of each of said descriptors; 

(d) means for assembling the results of (c) into a virtual matrix with each 
25 row corresponding to a mixture object and each column corresponding to a 

feature; 

(e) means for assigning each mixture object in said matrix recursively into 
one of two defmed categories on the basis of presence or absence of a given 

30 feature of interest from said set of descriptors and repeating such analysis until 
each mixture object of said matrix population has been classified in terms of 
presence or absence of given features of interest from said set of descriptors 
and assigned to a terminal node; and 
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(f) output means for visually displaying, using computer graphics, the 
relationships of said descriptors with said mixture classes and mixture objects. 

5 

6. A computer software system having a set of instmctions for controlling a 
general purpose digital computer in performing a desired function comprising: 

a set of instructions formed into each of a plurality of modules, each module 
10 comprising: 

(a) an input process responsive to operator commands enabling an operator 
to specify a set of descriptors and convert said descriptors into a bit string such 
that each descriptor reflects the presence or absence of a potentially useful 

15 feature of interest in a mixture object of interest, wherein each mixture object is 
a member of a data set where each mixture object presents a same trait of 
interest through a common underlying mechanism; 

(b) a data storage process for storing the assembled set of (a); 

20 

(c) a computational process for executing programmed steps that examine 
each member object of said data set for presence or absence of each of said 
descriptors; 

25 (d) a computational process for assembling the results of (c) into a vector for 
each mixture object and a virtual matrix with each row corresponding to a 
mixture object and each column corresponding to a feature; 

(e) a computational process for analyzing the data in said matrix into one of 
30 two defmed categories on the basis of presence or absence of a given feature of 
interest from said set of descriptors and repeating such analysis until each 
member of said mixture has been identified in terms of presence or absence of 
each feature of interest from said set of descriptors and assigned to a terminal 
node; 
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(£) a data storage process; and 

(g) an output process for visually displaying, using computer graphics, a 
5 relationship of said descriptors with said mixture objects and classes. 

7. A computer-based method of encoding mixture features of planned 
mixtures or of inadvertent mixtures, or of a combination of planned or 
inadvertent mixtures, and of identifying and correlating individual said features 

10 to a response characteristic that is a trait of interest of the mixture object, 
wherein said mixture object is in a data set that is characterized in being a 
mixture of mixture object classes, each class containing one or more of said 
mixture objects, and wherein multiple mixture objects present a same trait of 
interest, but classes of mixture objects produce the response characteristic 

1 5 which is a trait of interest through different underlying mechanisms, 

comprising the steps of: 

(a) assembling a set of descriptors and converting said set of descriptors into 
20 the form of a bit string such that each descriptor reflects the presence or 

absence of a potentially useful feature of interest in a mixture object of interest; 

(b) examining each mixture object for presence or absence of each of said 
descriptors; 

25 

(c) assembling the results of step (b) into a vector for each mixture object, 
noting the presence or absence of each feature in said data object; 

(d) assembling all vectors generated in step (c) into a matrix with each row 
30 corresponding to a mixture object and each column corresponding to a feature; 

(e) dividing the mixture objects in said matrix into two defined daughter 
nodes on the basis of presence or absence of a given feature of interest from 
said set of descriptors; and 
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(f) repeating step (e) until each mixture object of said matrix has been 
identified in terms of presence or absence of given features of interest from said 
set of descriptors and assigned to a terminal node. 

5 

8. A computer-based apparatus system for allowing a user thereof to 
encode features of planned mixtures or of inadvertent mixtures, or of a 
combination of planned or inadvertent mixtures, and to identify and correlate 
individual said features to a response characteristic that is a trait of interest of 

1 0 the mixture object, applicable to mixture objects in a data set that is 

characterized in being a mixture of mixture object classes, each class containing 
one or more of said mixture objects, and wherein multiple mixture objects 
present a same trait of interest, but classes of mixture objects produce the 
response characteristic that is a trait of interest through different underlying 

15 mechanisms, comprising: 

(a) input means responsive to operator commands enabling an operator to 
specify a set of descriptors that are subsequently converted into a bit string, 

20 such that each descriptor reflects the presence or absence of a potentially useful 
feature of interest in a mixture object of interest; 

(b) storage means for storing the assembled set of (a); 

25 (c) memory means for executing programmed steps that examine each 
mixture object for presence or absence of each of said descriptors; 

(d) means for assembling the results of (c) into a virtual matrix with each 
row corresponding to a mixture object and each column corresponding to a 

30 feature; 

(e) means for assigning each mixture object in said matrix recursively into 
one of two defined categories on the basis of presence or absence of a given 
feature of interest from said set of descriptors and repeating such analysis until 
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each mixture object of said matrix has been classified in terms of presence or 
absence of given features of interest from said set of descriptors and assigned to 
a terminal node; and 

5 (f) output means for visually displaying, using computer graphics, the 
relationships of said descriptors with said mixture objects and classes. 

9. A computer software system having a set of instructions for controlling a 
1 0 general purpose digital computer in performing a desired function comprising: 

a set of instructions formed into each of a plurality of modules, each module 
comprising: 

1 5 (a) an input process responsive to operator commands enabling an operator 
to specify a set of descriptors and convert said descriptors into a bit string such 
that each descriptor reflects the presence or absence of a potentially useful 
feature of interest in a mixture object of interest, wherein each mixture object is 
a member of a data set that is characterized in being a mixture of classes, each 

20 class containing one or more of said mixture objects, and wherein multiple 
mixture objects present the same trait of interest, but classes of mixture objects 
produce the response characteristic that is a trait of interest through different 
underlying mechanisms; 

25 (b) a data storage process for storing the assembled set of (a); 

(c) a computational process for executing programmed steps that examine 
each mixture object of said matrix for presence or absence of each of said • 
descriptors; 

30 

(d) a computational process for assembling the results of (c) into a vector for 
each mixture object and a virtual matrix with each row corresponding to a 
mixture object and each column corresponding to a feature; 
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(e) a computational process for assigning each mixture object in said matrix 
into one of two defined categories on the basis of presence or absence of a 
given feature of interest from said set of descriptors and repeating such analysis 

5 until each member of said matrix has been classified in terms of presence or 
absence of given features of interest fi-om said set of descriptors and assigned to 
a terminal node; 

(f) a data storage process; and 

10 

(g) an output process for visually displaying, using computer graphics, a 
relationship of said descriptors with said mixture objects and classes. 



15 10. A computer-based method of analyzing biological potency of individual 
chemical structure features out of a plural mixture of chemical compounds 
wherein a created data set is characterized in being a mixture of data objects, 
each data object itself being a mixture of active and/or inactive chemical 
compounds, which active chemical compounds exhibit a trait of interest, 

20 wherein the underlying mechanisms of activity may be through a single or 
multiple mechanisms, comprising the steps of: 

(a) assembKng a set of descriptors such that each descriptor captures a 
chemically usefiil . feature of one or more members of a mixture of chemical 
25 compounds such that one member is captured if individual chemical 

compounds are being decoded, two members are captures if pairs of chemical 
compounds are being decoded, three members are captured if triples of 
chemical compounds are being decoded and so on; 

30 (b) examining each member, pair or triple , or so forth, of said mixture of 
chemical compounds for presence or absence of each of said features of 
interest; 
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(c) assembling the results of step (b) into a descriptor vector, 

(d) comparing the features of the individual compound, pair, triple and so 
forth, to the features of a terminal node of choice and determining a resident 

5 terminal node; 

(e) repeating step (d) until each compound, pair, triple and so forth of said 
set of mixtures of chemical compounds has been identified and characterized in 
relation to the terminal node it would reside within. 

10 

11. The method as claimed in claims 1, 4, 7 or 10, including the additional 
step of assembling a chemical structure data file. 

12. The method as claimed in claim 1, 4, 7 or 10, including the additional 
15 step of assembling biological data pertaining to each chemical mixture or 

mixture of chemicals and assigning each chemical mixture its biological data. 

13. The method as claimed in claim 1, 4, 7 or 10, in which said correlation is 
between presence or absence of one or more chemical descriptors and 

20 biological activity of a chemical mixture. 

14. The method as claimed in claim 1, 4, 7, or 10, in which said correlation 
is between presence or absence of one or more chemical descriptors and 
pharmacological activity of a chemical compound. 

25 

1 5. The method as claimed in claims 1 , 4, 7 or 1 0, including the additional 
step of determining structure-activity relationships, such relationships 
comprising sets of rules defining the sets of features specific to each activity 
class. 

30 

16. The method as claimed in claim 1, in which said descriptor is an atom 
pair. 
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17. The method as claimed in claim 1, in which said descriptor is an atom 
triple. 

18. The method as claimed in claim 17, in which said atom triple is a set of 
5 three defined atoms in a molecule of interest, each atom defined by element, by 

spatial relation to each of the other two atoms, and by the type of chemical 
bond or number of chemical bonds separating them in the molecule. 

19. The method as claimed in claim 1 , in which said descriptor is a 
10 molecular fi-agment. 

20. The method as claimed in claim 1, in which said descriptor is a 
molecular topological torsion. 

15 21 . The method as claimed in claim 1 , in which said descriptor is a measure 
of thermodynamic stability. 

22. The method as claimed in claim 1, in which said descriptor is a binary of 
continuous variable. 

20 

23. The method as claimed in claim 1, in which said descriptor is a 
combination in any order of an atom pair, an atom triple, a molecular fi*agment, 
a molecular topological torsion, thermodynamic stability or a binary of a 
continuous variable. 

25 

24. The method as claimed in claim 1, in which each descriptor is an 
element of a vector in said matrix. 

25. The method as claimed in claim 1 , in which presence or absence of each 
30 feature of interest is represented as a 1 or a 0, respectively. 

26. The method as claimed in claim 24, in which said vector is 
computationally represented as a bit string data file. 
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27. The method as claimed in claim 26, in which said bit string data file is 
utilized to computationally create a bit string data file. 

5 28. The method as claimed in claim 26, in which said bit string is 
computationally compressed into a sparse matrix. 

29. The method as claimed in claim 28, in Which said sparse matrix is 
statistically analyzed by recursive partitioning. 

10 

30. The method as claimed in claim 29, in which said recursive partitioning 
is performed by the CART method. 

3 1 . The method as claimed in claim 29, in which said recursive partitioning 
1 5 is performed by the FIRM method. 

32. The method as claimed in claim 29, in which said recursive partitioning 
is performed by the C4.5 method. 

20 33. The method as claimed in claim 3 1 , in which said FIRM method is 
converted fi-om multiway splits to binary splits. 

34. The method as claimed in claim 1 , including the additional step of 
selecting the descriptor that optimally divides said rows of said data matrix into 
25 two subsets of rows, being either compounds or mixtures of compounds where 
said feature of interest is present or absent, respectively, and repeating this 
process through subsequent iterations until all descriptors in said descriptor set 
have been examined repeatedly and all said rows assigned to terminal nodes. 

30 35. The method as claimed in claim 1 , in which the result of said recursive 
partitioning is graphically represented as a recursive partitioning analysis tree. 

36. The method as claimed in claim 1, in which said data objects are discrete 
compounds. 
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37. The method as claimed in claims 4, 7 or 10, in which said data objects 
are mixtures of discrete compounds. 

5 38. A computer-based method of encoding, decoding and identifying 

individual chemical compounds out of a chemical mixture, comprising the steps 
of: 

(a) assembling the results of previously conducted screening of the chemical 
1 0 mixture for a biological activity of interest; 

(b) assembling a set of descriptors such that each descriptor captures a 
chemically useful feature of one or more members of a chemical mixture; 

1 5 (c) examining each combination of members of said chemical mixture for 
presence or absence of each of said descriptors; 

(d) correlating presence or absence of said chemical descriptors with an 
assigned terminal node, thereby identifying predicted activity; and 

20 

(e) analyzing subsequent chemical mixtures for chemical structure, 
comparing their chemical structure against said predicted activity and 
extrapolating biological reactivity of such subsequent chemical mixtures 
therefrom. 

25 

39. The method as claimed in claim 38, including the additional step of 
assembling a chemical structure data file. 



30 



40. The method as claimed in claim 38, including the additional step of 
assembling biological data pertaining to each chemical compound and 
assigning each chemical compound or mixture its biological data. 



wo 98/47087 



PCTAJS98/07899 



-36- 



41 . The method as claimed in claim 38, in which said correlation is between 
presence or absence of one or more chemical descriptors and biological activity 
of a chemical compound or mixture. 

5 42. The method as claimed in claim 38, in which said correlation is between 
presence oi: absence of one or more chemical descriptors and pharmacological 
activity of a chemical compound or mixture. 

43. The method as claimed in claim 38, in which said descriptor is an atom 
10 pair. 

44. The method as claimed in claim 38, in which siaid descriptor is an atom 
triple. 

15 45. The method as claimed in claim 44, in which said atom triple is a set of 
three defined atoms in a molecule of interest, each atom defined by element, by 
spatial relation to each of the other two atoms, and by the type of chemical 
bond or number of chemical bonds separating them in the molecule. 

20 46. The method as claimed in claim 38, in which said descriptor is a 
molecular fi^gment. 

47. The method as claimed in claim 38, in which said descriptor is a 
molecular topological torsion. 

25 

48. The method as claimed in claim 38, in which said descriptor is a binary 
of continuous variables. 

49. The method as claimed in claim 38, in which said descriptors are a 
30 combination in any order of atom pairs, atom triples, molecular fi-agments, 

molecular topological torsions, thermodynamic stability descriptors or a binary 
of continuous variables. 
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50. The method as claimed in claim 38, in which presence or absence of 
each feature of intererest is represented as a 1 or a 0, respectively. 

5 1 . The method as claimed in claim 38, in which said vector is 
5 computationally represented as a bit string. 

52. The method as claimed in claim 38, including the additional step of 
decoding the chemical compounds in said chemical mixture by reference to 
said matrix vectors for the mixture. 

10 

53. The method as claimed in claim 38, in which said recursive partitioning 
is graphically represented as a recursive partitioning analysis tree. 

54. A computer-based method of encoding, identifying and correlating 
1 5 individual genetic features of a genetic polymorphism out of a plural 

populational mixture of individual subjects so as to identify useful diagnoses 
and therapies of individuals and in the identification of genes and gene products 
useful in defining biological targets of interest, comprising the steps of: 

20 (a) assembling a set of descriptors such that each descriptor captures a 

genetically useful feature, allele, alleles, or marker, of one or more members of 
a mixture population of individuals having a phenotype of interest; 

(b) examining each member of said population of individuals for presence 
25 or absence of each of said genetic features; 

(c) assembling the results of step (b) into a matrix; 

(d) dividing the data in said matrix into one of two defined categories on the 
30 basis of presence or absence of a given genetic features from said set of genetic 

features; 
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(e) repeating step (d) until each member of said population of individuals 
has been identified and characterized in terms of presence or absence of each 
geiietic feature; and 

5 (f) correlating presence or absence of said genetic features with known 
phenotypes of each of said mixture population of individuals, thereby deriving 
a relationship between genotype and phenotype, said relationship useful in 
diagnosis and therapy of individuals and also useful for identification of gene 
products, said gene products useful for selecting drug targets or said gene 
1 0 products useful for determining the genetic origiSn of a disease. 

55. The method as claimed in claim 54, including the additional step of 
assembling a populational phenotype data file. 

1 5 56. The method as claimed in claim 54, in which said descriptor is an 
identified allele or marker. 

57. The method as claimed in claim 54, in which said descriptor is absence 
of a given allele or marker. 

20 

58. The method as claimed in claim 54, in which each descriptor is an 
element of a vector in said matrix. 

59. The method as claimed in claim 54, in which each individual in said 
25 population is encoded by a vector in said matrix. 

60. The method as claimed in claim 54, in which presence or absence of 
each descriptor is represented as a 1 or a 0, respectively. 

30 61 . The method as claimed in claim 54, in which said matrix vector is 
computationally represented as a bit string. 

62. The method as claimed in claim 54, in which said bit string is utilized to 
computationally create a bit string data file. 
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63. The method as claimed in claim 54, in which said bit string is 
computationally compressed as a sparse matrix. 

5 64. The method as claimed in claim 54, in which said sparse matrix is 
statistically analyzed by recursive partitioning. 

65. The method as claimed in claim 54, in which said recursive partitioning 
is performed by the CART method. 

10 

66. The method as claimed in claim 54, in which said recursive partitioning 
is performed by the FIRM method. 

67. The method as claimed in claim 54, in which said recursive partitioning 
15 is performed by the C4.5 method. 

68. The method as claimed in claim 54, in which said FIRM method is 
converted from multiway splits to binary splits. 

20 69. The method as claimed in claim 54, including the additional step of 
selecting the descriptor that correlates most closely with the highest average 
incidence of a phenotype of interest of all individuals in the population that 
have such a descriptor and creating two subsets of individuals where said 
descriptor is present or absent, respectively, and repeating this process through 

25 subsequent iterations until all descriptors in said descriptor set have been 
examined and analyzed for prevalence in said population. 

70. The method as claimed in claim 54, including the additional step of 
decoding the individuals in said population by reference to said matrix vectors. 

30 

71 . The method as claimed in claim 54, in which said recursive partitioning 
is graphically represented as a recursive partitioning analysis tree. 
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72. The method as claimed in claim 54, in which said statistical test for 
splitting a node is a t-test. 

73. The method as claimed in claim 54, in which said statistical test for 
5 splitting a node is a chi-square test. 
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